Abstract-This paper proposes an intelligent mobility aid framework aimed at mitigating the impact of cognitive and/or physical user deficiencies by performing suitable mobility assistance with minimum interference. To this end, a user action model using Gaussian Process Regression (GPR) is proposed to encapsulate the probabilistic and nonlinear relationships among user action, state of the environment and user intention. Moreover, exploiting the analytical tractability of the predictive distribution allows a sequential Bayesian process for user intention estimation to take place. The proposed scheme is validated on data obtained in an indoor setting with an instrumented robotic wheelchair augmented with sensorial feedback from the environment and user commands as well as proprioceptive information from the actual vehicle, achieving accuracy in near real-time of ∼80%. The initial results are promising and indicating the suitability of the process to infer user driving behaviors within the context of ambulatory robots designed to provide assistance to users with mobility impairments while carrying out regular daily activities.
I. INTRODUCTION AND MOTIVATION
Robotic mobility aids are crucial to make life of the elderly and disabled communities easier, enabling them to live more independently and ultimately improving their overall quality of life. There is a marked demographic shift at a global level indicating that the worldwide proportion of people aged 60 and over is expected to double between 2000 and 2050 [1] . Thus, providing the elderly and frail with assistive devices that can enhance their mobility needs in particular has been a strong motivation for researchers to develop more advanced technological aids through alternative or augmentative aid devices [2] . This work is motivated along these lines, with the aim set on developing more intelligent aid system capable of understanding user intentions. By learning from user behaviors and exploiting relevant sensor data, suitable mobility assistance can be delivered with minimum interference on the user's legitimate intent. We believe that such a system can be continuously used without psychological resistance from the user, nor excessive dependency on the device, unlike fully automated mobility aid systems.
While awareness of human intentions plays a key role to be able to apply any practical assistive action where a user may interact with a robot to carry out their regular Activities of Daily Living (ADLs), be that navigational, manipulative, communicative, or others, in this work the focus is on mobility intention estimation with a robotic wheelchair ( Fig.1 ) in an indoor setting, such as the one depicted in Fig. 2 . User intention in this context therefore corresponds to the target location where the user wants to drive to, while user interactions with the robot are observed through the joystick input device in the wheelchair. The objective of the user intention estimation thus is to sequentially estimate user's navigational intent from user actions and states, to be ultimately fed into an intelligent assistance controller (the actual assistive shared controller is currently being developed as is not covered in this paper).
To tackle this problem, we consider the generative model of the user actions in driving such a mobility device. Such a model can be rather complex since a user action depends both on the user intention as well as the state of the robot and its surrounding environment. Previous works have proposed probabilistic frameworks as natural embodiments to the inherent factors which regularly accompany any humanin-the-loop modeling, notwithstanding sensor observations noises and uncertainties associated to data collection under these conditions. Activity recognition scenarios such as Partially Observable Markov Decision Processes [3] , technique based on Hidden Markov Models and Conditional Random Fields [4] or Dynamic Bayesian Networks (Hierarchical HMMs) [5] have been investigated. These methods were able to capture some of the complexity inherent to user intention models. However, their estimation processes for forwardbackward inference are often limited in scope and tailored to learning technique of significant computational demands, and as such are generally proposed as offline methodologies not adapted for real-time operation. These perceived limitations have motivated the work hereby proposed towards exploring alternatives with increasing effectiveness for on-line user intention estimation, more suitable for real world applications. One of the most promising probabilistic techniques are non-parametric regression models, i.e., Gaussian Process Regression (GPR) [6] , given their simplicity and flexibility. While computational complexity (in time and space) remains a bottleneck, several sophisticated approximation schemes are available nowadays to reduce this burden for more practical use [7] , [8] .
Developing an algorithm suited to on-line user intention estimation is thus the ultimate objective of this work. To this end, a user action model using GPR as a probabilistic representation of the nonlinear relationships between user action, state of the robot in the environment and user intention is suggested. Moreover, exploiting the analytical tractability of the predictive distribution allows a sequential Bayesian estimation procedure [9] for the actual estimation of the user intention.
The remainder of the paper is organized as follows: Section II presents an overview of the intelligent mobility assistance system framework. Section III describes in detail the proposed GPR-based method for user intention estimation, while Section IV compiles experimental results to validate the proposed methodology with a power mobility wheelchair driving in an indoor setting. Section VI discusses the findings and sets the scene for future work.
II. MOBILITY AID INTELLIGENT DRIVING ASSISTANCE FRAMEWORK
An overview of the proposed framework for intelligent driving assistance of mobility aids user is presented in this section. A block diagram of the proposed scheme is shown in Fig. 3 whether the user is in need of assistance based on the estimated state and intention, and how best to deliver this assistance. If judged necessary, powered actuators can be controlled by the system to complement the user's performance. While this component is out of the scope of this paper, it will be discussed briefly in Section VI.
III. SEQUENTIAL BAYESIAN ESTIMATOR FOR USER INTENTION
Our user intention estimation method is presented in this section. Section III-A presents a user action model based on GPR. Section III-B describes the intention estimation method based on the previously derived action model using a sequential Bayesian estimation process -originally developed in the space of tactile sensing [9] . Finally, Section III-C describes a method to accelerate the computation of the intention estimation using a sparse GPR approach.
A. GP User Action Model
Let y be the user action, x be the state of the device in the environment, and s be the user intention. Then, the following nonlinear function f is assumed:
where ∼ N (0, Σ ) is the observation noise distributed normally with zero mean and covariance Σ = diag σ To learn such a relationship from data, we use a GPR: we consider the following GP prior for each dimension of y as follows:
for a = 1, 2, . . . , d y . The observation noise turns into a ∼ N (0, σ 2 a ), and training data set is
, where L is the number of user intentions. Moreover, it is assumed that s and x are independent for model simplification, and the following squared exponential kernel function is considered:
dx×dx are diagonal matrices with positive elements, adjusts the scale of each dimension of s and x respectively. This specific choice for the kernel function is motivated by two aspects: 1) it has been proven successful in capturing data correlations in a wide range of applications, and 2) its simple functional form makes it suitably compatible with the analytical computation for the Bayesian estimation framework presented in the following section. Note also that this model is one example of Multi-factor Gaussian Process Models, proven successful in analogue estimations of latent variables albeit in a different context, that of tactile-based robot-object interactions [9] , [10] .
B. Sequential User Intention Estimation
For an on-line and real-time algorithm of user intention estimation, given the current belief (probability density function) of the user intention, we consider the following sequential Bayesian estimation problem:
Unless p(y|s, x) is a linear Gaussian model, the above problem is analytically intractable. Therefore, we need to apply approximations.
Regarding the GP action model, when we restrict the prior/posterior p(s) by Gaussian distribution N (µ, Σ), and by exploiting the analytical tractability of the mean and covariance of the predictive distribution, we can use a momentbased filtering technique [11] to derive the following update schemes:
where µ t is the mean of the Gaussian over s at time step t and Σ t is the covariance. The a-th element of m t , the (a, b)-th element of S t , and C t can be analytically evaluated respectively for a, b = 1, 2, . . . , d y as follows:
Here we define
a y a where y a is the training data of y a . Note that, for simple notation, index t is dropped. 
where β ai stands for the i-th element of β a . In addition, s (i) and x (i) are the i-th training data of s and x respectively, and s ij and R are defined as follows:
The computational complexity of the above update scheme is O(d
where N is the number of training data for GP. For online estimation, reasonable computation complexity needs to be expected. Since the dominant factor in the complexity is N , we consider to reduce it by extracting a subset of that as described in the next section. 
C. Subset Selection to Accelerate Intention Estimation
Here we present a sparse greedy algorithm inspired by Sparse Greedy Quadratic Minimization (SGQM) [12] to reduce the number of GP training data. Its fundamental concept is to sequentially select a data point from the training set in a greedy manner to minimize the approximation error of the maximum a posteriori probability (MAP) estimate of output y. We can thus adequately reduce the number of training data N necessary in the GP regression machinery to aid on-line execution of the intention estimator in realtime, while preserving prediction accuracy. Our algorithm for multi-dimensional problems is shown in Algorithm 1. Functions Q a , χ a appeared in the algorithm are defined as follows:
and e i refers to the i-th column vector of N × N identity matrix.
IV. EXPERIMENT

A. Hardware Platform
Experiments were conducted with a modified Invacare Roller M1 motorized wheelchair, fitted with an on-board computer, wheel encoders and an automatic battery management system. The laser range finder and IMU are located on a raised bracket mounted at the back of the vehicle to afford a unobtrusive view of the vehicle surroundings, as illustrated in Fig. 1 . All processing is done within the robotics middleware framework ROS [13] , with a bridge to some routines implemented in MATLAB.
B. Experimental Setting
A wheelchair driving task is adopted to validate the proposed user intention estimation method. The objective is to estimate the goal location of the user as the user intention from the vehicle's state and user action data. The specific problem setting is defined as follows:
T , where y v and y ω are the desired linear angular velocity of the wheelchair to set as reference to the wheelchair PI servo controller motors.
• The state of the wheelchair in the environment is defined as x = [x r , y r , θ r , v r , ω r ] where x r is the global wheelchair location in the map's x axis (horizontal), and y r is the same in the vertical y axis. (As indicate previously, the map is known a priori having been estimated with a SLAM module from laser range data, and IMU and odometry). θ r represents the wheelchair orientation, where 0 deg corresponds to the x axis, and positive direction is counterclockwise. v r and ω r are the wheelchair's velocity and angular velocity, respectively. • User intention is defined by s = [s x , s y ], the goal locations of the user intended destination in the map. An indoor environment in our laboratory is selected for the experiment, shown earlier in Fig. 2 . We set six goal locations as {G1, ..., G6} in the map, and the start location is always the same as indicated by "start" at around the center of the map. A subject is asked to drive six trials for each goal, each of which contains around 300 to 500 data of interactions among the user, wheelchair and environment. In total, we collected 36 trials data with N =10948. We used for all the trajectories as training data for GP model, then the same data is also used as the test data to validate our method. Some of the examples are shown in Fig. 5 . Images captured at the locations A along the blue line and D along the green line and the user actions performed by the user are shown. It can be observed how the user interacts with the wheelchair and the environment. The hyperparameter learning of GP user action model was performed using a inter-point algorithm.
C. User Intention Estimation
The experimental results of user intention estimation method are presented next. To quantitatively evaluate the performance, we implemented the nearest neighbor classifier and computed the recognition accuracy of the estimated user intention. As a metric for comparison we used Mahalanobis distance on the Gaussian belief that represents the user intention.
The summary of the recognition accuracy is shown in Fig. 6 , whereas Fig. 7 illustrates the on-line user intention estimation results of the proposed methodology. With the full-GP user action model (with all the training data, N =10948), at time step 20, which corresponds to 2 seconds, it resulted in about 31% accuracy. It is reasonable since the given trajectories are still around the start point, therefore, it is impossible to identify the user intention perfectly. Some of the estimated Gaussian beliefs were located far from the true values. Subsequently, at step 50, which corresponds to 5 seconds accuracy raised to 44%. Some of the intention beliefs got much closer to the true locations. Then, at step 200, most of the beliefs reached the true locations (with smaller covariances). The end result at that point was around 83%.
With the sparse-GP user action model (reduced training data set, N =800), the performance was comparative as 33%, 53% and 80% for step 20, 50, and 200, respectively. For all the experiments, a computing machine equipped with CPU (12 core Intel Xeon E5-2697v2 2.70GHz x2), Memory (256GB), GPU (Nvidia Quadro K6000) and MATLAB R2014b (using four CPU cores) was used. The computation time of belief updates in both cases with CPU and GPU are summarized in Table I . In particular, sparse-GP user action model is proven sufficiently fast to carry out the necessary computation for a relatively large indoor environment such as the one depicted in the experiments for on-line real-time purposes.
V. DISCUSSION
This work has proposed a technique with sparse-GP user action models able to achieve on-line near real-time user intention estimation with a recognition accuracy of ∼80%.
When to draw the line to provide assistance based on inferred intention is a difficult question to answer. In the test environment, results from the experiments carried out suggest 20 seconds to gain a reasonable threshold in terms of accuracy. However, other works have pressed the argument that in terms of providing assistance, ambiguous goal estimates are acceptable and a plan recognition process does not always need to converge to the true intent, so long as this does not cause any unpredictable behavior of the wheelchair, i.e. as long as the maximum probability path (intention) corresponds, for a certain interval, to the goal the user has in mind [14] .
It should be emphasized the difficulty in comparing the merit of this result with other similar intention-driven works as there is no existing base-line in terms of environment or deployment scenario that would make that comparison meaningful. The authors are currently investigating mechanisms to contextualize this quantitative argument in a compelling manner. As highlighted in Section I, existing literature focuses on batch processing. In that regard, possibly looking at convergence speed might appear as a consequential parameter to consider.
VI. CONCLUSION
The aim of this investigation is the development of an intelligent mobility aid system with a robotic wheelchair able to understand and learn user navigational intentions. By observing user driving behaviors and additional situational data from sensors mounted on an instrumented wheelchair, the ultimate objective is to perform suitable mobility assistance with minimum interference, i.e. "support as needed". In this paper, an on-line, near real-time algorithm for user intention estimation has been developed as one of the key components of the overall shared-control pipeline.
Future work includes the integration of the estimated user intention with an assistive shared controller to be tested on the wheelchair robot. Using the estimated user intention, a belief about the user actions and state trajectories can be established. Unintended deviations can then be established so that an assistance controller can interfere accordingly to aid the user given the estimated intention and the associated uncertainty. Such a controller is under development.
